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Abstract
Background: Phenotypic studies in Triticeae have shown that low temperature-induced protective mechanisms are
developmentally regulated and involve dynamic acclimation processes. Understanding these mechanisms is important
for breeding cold-resistant wheat cultivars. In this study, we combined three computational techniques for the analysis
of gene expression data from spring and winter wheat cultivars subjected to low temperature treatments. Our main
objective was to construct a comprehensive network of cold response transcriptional events in wheat, and to identify
novel cold tolerance candidate genes in wheat.
Results: We assigned novel cold stress-related roles to 35 wheat genes, uncovered novel transcription (TF)-gene
interactions, and identified 127 genes representing known and novel candidate targets associated with cold tolerance
in wheat. Our results also show that delays in terms of activation or repression of the same genes across wheat
cultivars play key roles in phenotypic differences among winter and spring wheat cultivars, and adaptation to low
temperature stress, cold shock and cold acclimation.
Conclusions: Using three computational approaches, we identified novel putative cold-response genes and
TF-gene interactions. These results provide new insights into the complex mechanisms regulating the expression of
cold-responsive genes in wheat.
Keywords: Wheat, Breeding, Cold acclimation, Cold stress, Cold tolerance, Low temperature, Marker, Target,
Transcriptional regulatory network
Background
Low temperature (LT) stress affects the productivity of
cereal and other crop plants, most importantly in tem-
perate regions [1]. Plants react differently to chilling
(0–15 °C) and freezing (<0 °C) temperatures. Cold ac-
climation and the acquisition of freezing tolerance are
achieved through exposure to chilling, non-freezing
temperatures [1–4]. This process increases freezing tol-
erance and it is associated with complex biochemical
and physiological changes [1–5]. These changes are
mediated by differential expression of multiple genes
[6–9]. Experimental studies suggest that such genes are
induced either by cold, or by the state of relative dehy-
dration that is a consequence of cold stress [10]. Several
known cold-regulated genes have been identified in gene
expression studies. In Arabidopsis, for example, hundreds
of genes are differentially expressed in response to cold
[11–14]. In temperate grasses including perennial ryegrass
[15], barley [16], and wheat [7, 17–20], the expression of
many genes is also altered in response to cold.
Specific functions have been assigned to a number of
cold-regulated genes, for example transcription factors
(TFs) that act as regulators in cold acclimation, or effector
molecules that mitigate the potential damage caused by
cold stress. However, the specific molecular function of
many cold-responsive genes has not yet been investigated,
and their role in cold acclimation is unknown [21].
Deciphering the mechanisms of low temperature (LT)
response and the specific role of key genes involved in
cold stress signaling is crucial for the development of
cold-tolerant crops. Gene expression data analysis can sug-
gest genes whose encoding proteins can confer significant
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influence on the plant phenotype under specified condi-
tions. The identified genes provide the basis for establishing
targeted functional markers, which can be used in assisted
breeding [22, 23].
To identify genes involved in the wheat response to
cold, we examined global changes in the expression of
55,052 unique putative genes represented on the Affymetrix
GeneChip Wheat Genome Array (http://www.affymetrix.
com/). A total of 90 samples from two winter cultivars
(Winter Manitou and Winter Norstar) and two spring
cultivars (Spring Manitou and Spring Norstar) [3] were
re-analyzed using three different computational methods.
Candidate genes were further validated in a distinct dataset
comprising two winter cultivars (Harnesk and Solstice) and
one spring cultivar (Paragon) [24].
Methods
The goal of this exploratory study was to identify cold re-
sponsive genes in different wheat cultivars using network-
based approaches (focusing on cold-responsive TFs and
their target genes (TG)). Our approach can be divided into
three distinct components. i) inference of TF-TG inter-
actions based on a linear model [25], ii) identification
of bifurcation points in time series and identification of
TFs regulating these transitions [26], and iii) identification
of temporal patterns using a 3D clustering approach [27]
(Fig. 1).
Gene expression data
Microarray data were downloaded from the Gene Expres-
sion Omnibus (GEO) database (www.ncbi.nlm.nih.gov/geo/).
Experiments were performed using the Affymetrix Gene-
Chip Wheat Genome Array (http://www.affymetrix.com/).
The dataset GSE23889 is a time series experiment of 4 wheat
genotypes (Winter Manitou (wM), Winter Norstar (wN),
Spring Manitou (sM) and Spring Norstar (sN)). The crown
of wheat plants were sampled at 8 time points (0, 2, 14, 21,
35, 42, 56 and 70 days), each time point having 3 biological
replicates in a random block design, corresponding to a total
of 96 samples. The dataset GSE11774 corresponds to a time
series experiment of 3 wheat genotypes (Winter Harnesk
(wH), Spring Paragon (sP) and Winter Solstice (wS)). The
crown and leaves were sampled at 3 time points (3, 5 and
9 weeks post germination), each time point having 3 bio-
logical replicates, for a total of 42 samples. Detailed informa-
tion on experimental protocols and procedures relative to
the datasets are available in [3] and [24], respectively.
Wheat TFs were downloaded from the Plant Tran-
scription Factor Database (PlantTFDB) [28]. The current
version (3.0) contains 1940 wheat TFs classified into 56
families. Additional TFs and their respective TGs were
compiled from the literature [1–21, 24]. Known TF-TG
associations were catalogued into a matrix ΛL, and used
as prior knowledge in our subsequent analysis. Only the
interactions that were identified experimentally with
p-values < 1e-03 were retained. The entries in ΛL were
discretized to either ±1 or 0, for representing positive,
negative and null TF-gene associations. Wheat gene
annotations and ontologies were obtained from Mapman
[29], Ensembl Plants [30], Gene Ontology (GO) [31] and
the Plant Expression Database (PLEXdb) [32].
Linear model
Regulatory TF-TG associations were modeled using the
linear relationship described in Eq. 1. This linear model
was previously used to model transcriptional regulation
in S. cerevisiae [25] and in Arabidopsis thaliana [33].
A ¼ ΛF þ E; ð1Þ
A (n ×m) is the gene expression matrix; Λ (n × k) is
the connectivity matrix; F (k ×m) is the TF activities
(TFA) matrix; E (n ×m) is the error matrix; n is the
number of genes, m the number of experimental time
points, and k the number of TFs. In Eq. 1, Λ, F and E
are unknown, and thus have to be inferred from the
gene expression matrix A. Similar approaches have been
used in [25, 33, 34]. It is considered a realistic approxi-
mation of transcriptional regulatory mechanisms when
the system reaches a quasi-steady state in the logarithmic
space. The quasi-steady-state approximation (QSSA) in
chemical kinetics is a mathematical way of simplifying the
differential equations that describe chemical kinetic sys-
tems [35].
Several algorithms have been developed to address this
problem [25, 33, 34, 36, 37]. Here we used a modified
Fig. 1 Illustration of the relation between the methods used in this study. The output of the linear model is fed into the inputs of the OPTricluster and
the DREM algorithms
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version of the reverse engineering algorithm recently
described in [33]. This algorithm has three main steps.
In the first step, the initial connectivity matrix Λ is con-
structed, and values are used to initialize the TFA matrix
F. In the second step, an alternating least square algo-
rithm [37] is used to update the values of Λ and F se-
quentially until the convergence of F (i.e. the sum of
squared changes of F is smaller than a cutoff value ε or
||Fi-1 – Fi|| < ε, with Fi-1 and Fi the values of F at (i-1)th
and ith iterations, respectively). Finally the relationship
between the TFs and putative TGs are fine-tuned using
a variable selection algorithm [25, 34, 36, 37]. Only TF-
TG associations for which the p-value is lower than a
user defined threshold (p0) are retained. The elastic-net
algorithm [36] is used to obtain a sparse connectivity
matrix, which is characteristic of many biological systems
[34]. Ridge regression is used to overcome numerical
instability during the updating step [38]. The main differ-
ence between this algorithm and that in [33] is in the
initialization of the connectivity matrix Λ. Here, the initial
values of Λ are a combination of the inferred values from
literature and from gene expression data (expression level
of the TFs), whereas in [33] values were inferred from the
literature only. Integration of the expression level of TFs
in the initialization step is shown to improve the TF-TG
relationships, compared to other versions of the algo-
rithms [25, 33, 37], which did not account for the
expression level of TFs. Similar improvements were
also observed within the different version of the Dynamic
Regulatory Map algorithms [26].
Dynamic regulatory maps
The Dynamic Regulatory Event Miner (DREM) [26] was
used to reconstruct regulatory events happening in wheat
under cold stress. DREM takes time series gene expression
data and TF-TG interactions as input and produces an
annotated dynamic regulatory map that highlights bifur-
cation events where the expression of a subset of genes
diverges from the rest of genes. Each bifurcation event is
associated with a set of TFs that selectively regulate these
events.
OPTricluster
The Order Preserving Triclustering Algorithm (OPTricluster)
[27] was used to model the three dimensional features in the
dataset. For example, in the dataset GSE23889, the
three dimensions are G × S × T, where G = {g1, g2, …, gn}
is the set of n probe sets on the microarray, S = {wM, wN,
sM, sN} the set of l (4) wheat genotypes and T = {0, 2, 14,
21, 35, 42, 56, 70} the m (8) time points. The three dimen-
sional data was used as input for the OPTricluster algo-
rithm, which outputs a set of 3D conserved and divergent
patterns and associated p-values. Each conserved pattern
corresponds to a group of genes with similar behavior
across subsets of time points and in subsets of genotypes.
These conserved signals correspond to potential genetic
pathways with similar expression patterns within a certain
time frame and in subsets of wheat cultivars. On the other
hand, divergent patterns correspond to groups of genes
that behave differently in subsets of genotypes, thus repre-
senting potential markers that differentiate genotypes.
Gene ontology and pathway analysis
The Plant Orthology Browser [39] was used to iden-
tify orthologs in other plant species, GOAL [40] was
used for Gene Ontology (GO) enrichment analysis and
REACTOME [41] was used for pathways analysis.
Results
Results were obtained by analyzing the dataset GSE23889
[3], which contains four wheat cultivars: wM, sM, wN and
sN. These results were validated using the dataset GSE11774
[24], which contains three wheat cultivars: wH, sP and wS.
Gene expression data was normalized using the Robust
Multi-Array normalization algorithm (RMA) and log2
transformed. Prior to analysis, genes whose expression
level did not change by at least 2 fold in any time interval
based on the difference between the maximum and mini-
mum levels of gene expression from 0 to 70 days of cold
treatment were filtered out. As described by Laudencia-
Chingcuanco et al. [3], a probeset was deemed to repre-
sent a unique wheat gene and the signal intensities in that
probeset to represent the expression of the corresponding
gene. Recent probeset annotations were obtained from the
wheat oligoarray database at http://www.plexdb.org.
Transcriptional regulatory network underlying low
temperature stress
For this analysis, we used the combined gene expression
data A (N ×M) of the 4 wheat cultivars wM, sM, wN
and sN. The initial TF-TG interactions information
Λ(N × K) = [ΛL ΛT] was curated based on the literature
and gene expression data as we described earlier. N =
61,290 is the number of probes on the wheat Affymetrix
61 K chip (representing 55,052 potential unique genes in
the wheat genome), M = 32, the number of combined
experimental time points of the four cultivars (each has
8 time points), and K = 109, the number of TFs, selected
from the initial list of 1940 wheat TFs, whose interac-
tions with wheat genes under LT, cold or freezing stress
were found through either literature exploration or
computational approaches. Literature exploration was
based on the fact that the TF had been documented
with experimental evidence as regulator of cold responsive
genes. Computational approaches involved differential
and co-expression across subsets of the time points of a
TF and its regulatory association with potential TG, and
annotations to similar or related biological processes.
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The linear model identified 47 TFs (Table 1) involved in
the wheat response to cold stress, which interact with a
total of 2789 genes, with p-values < 1e-03. The 47 cold-
responsive TFs are grouped into 12 families (Table 1). The
linear model showed that AP2/ERF, bHLH, MYB, C2H2
zinc finger, RR, PRR and WRKY families play the most
significant roles during cold stress response in wheat, as it
has been shown in other plant species such as Arabidopsis
and rice [12–14].
Figures 2 and 3 show the inferred TF-gene and TF-TF
networks common in the four wheat cultivars respectively.
Detailed statistical and biological analysis of the network
for each wheat cultivar revealed significant patterns and
regulatory information. We found nearly 2.5% of the in-
ferred connectivity matrix to be non-zero. Only eleven
TFs (ICE1, ICE2, CBFIIId_12.1, CBFIIId-B19, CBF1,
CBF2, CBFIVa-A2, MYB15, MYB4, ESK1 and ELO2)
were shown to interact with more than 50 genes. Other
parameters that can be used to describe a biological network
include the clustering coefficient and the scale-free topology
criterion [42]. The clustering coefficient measures the
“small-world” property in the network, which in this
study is the likelihood that two connected TFs are also
connected to a common TF. Examples extracted from
the TF-TF network (Fig. 3) are shown in Fig. 4. In the
sub-network of Fig. 4a, CBFIIId_12.1, CBFIIId-B19, CBF1,
CBF2, and CBFIVa-A2 interact with each other (with a
clustering coefficient of 0.867) to control the expression of
cold-regulated genes (Fig. 2). Furthermore, in this sub-
network it is shown that CBFIIId_12.1 and CBFIVa-A2 act
upstream of CBFIIId-B19, CBF1 and CBF2, respectively
(Fig. 4b), and that CBF2 acts as a negative regulator of
CBF1 and CBF3. Similar observation has been experimen-
tally shown in Arabidopsis [11]. In the sub-network of
Fig. 4c (with a clustering coefficient of 0.6), EIN4 interacts
with EIN3 to control the regulation of response regulator
(RR) and pseudo-response regulator (PRR) TFs. In the
sub-network of Fig. 4d, ICE1, ICE2, and MYB15 interact
with each other with a clustering coefficient of 0.82 to
control CBFs in Fig. 4a. The TF-gene interactions list can
be found in the Additional file 1.
Transcriptional regulatory events following low
temperature stress
The TF-TG interaction data (Fig. 2 and Additional file 1)
was used to reconstruct a set of regulatory events during
cold stress using a procedure for learning input-output
hidden Markov models. Figure 5 presents the temporal
map of wM. Additional file 2: Figures S1, S2 and S3
present the temporal maps of wN, sM and sN respect-
ively. The maps of wM, wN, sM, and sN contained 10, 10,
14, and 13 unique paths, respectively, controlled by a total
of 25 TFs (using a TF split cutoff score of 0.005). In some
cases, the same TF (e.g. CBF1, CBF2 and ESKI) appears
multiple times on the same path and is significantly asso-
ciated with multiple bifurcations, indicating a continuous
regulatory function in the entire time series.
In all the cultivars, following cold stress, there was a
massive transcriptional response involving either activa-
tion or repression. The Dynamic Regulatory Event Miner
(DREM) algorithm assigned several TFs to the first bifur-
cation. Seventeen TFs (ESK1, CBF1, CBF2, CBFIIId-12,
CBFIII-B19, CBFIVa-A2, ICE1, RAP2.12, RAP2.3, SWI/
SNF, ELO2, HOS3, ICE2, RR6, RR2, EPR1, and MLS5)
were associated with genes up-regulated upon cold stress.
As shown in Fig. 5 and Additional file 2: Figures S1, S2
and S3, GO analysis of these genes (up-regulated paths)
showed that they were highly enriched for terms related
to cold stress with p-values < 1e-05. We observed a
major increase in the activity of cold-regulated genes
(WCOR14a, WCOR14c, WCOR1418, WCOR80, CS120,
CS66, CS6, CR14, WCOR518, WCOR615 and WCOR413),
the fatty acid biosynthesis genes (FAR1, FAR4 and FAR5),
late embryogenesis abundant (LEA) genes, and those linked
to proline and dehydrin activities.
Eight TFs (ZAT10, ZOS3, CBFII-5.2, CBFIIIc-B10, CBFc-
D3, TaCBF6, tmCBF7 and MYB15) associated with the
down-regulated paths (Fig. 5 and Additional file 2:
Figures S1, S2 and S3) were conversely associated with
cold-repressed genes. GO analysis of these repressed
genes showed that they were associated with terms re-
lated to fatty acid, lipid metabolism and cold stress
with p-value < 1.0e-04. In fact, we observed a major
decrease in the expression of genes linked to fatty
acids (FAD7, FAAH, DGK5 and SQD2), jasmonate,
jacalin, photosynthesis, defensin, and dirigent (DIR).
Two TFs (ZAT10 and ZOS3) were associated with groups
of genes that were neither up nor down-regulated at
the onset of cold exposure, but were shown to be dif-
ferentially expressed 35 days later and associated with
the regulation of some stress responsive genes, such as
Ta.21350.2.S1_at (BBTI11), Ta.9730.1.S1_at (heat stable
protein: HS1), and lipid genes such as Ta.8082.1.A1_at
(Cyclopropane-fatty-acyl-phospholipid synthase, putative,
expressed).
Similarities and differences between wheat cultivars
Analysis of the linear model indicated that the number
of TGs of each TF varies significantly across cultivars.
Similarly, Fig. 5 and Additional file 2: Figures S1, S2
and S3 show that the transcriptional regulatory maps
of the four cultivars (wM, wN, sM, and sN) are differ-
ent. To study the similarities and differences across
the four cultivars in term of gene expression, we used
the OPTricluster algorithm as described in the
Methods section and identified differential expression
of 1570 (2.56%), 2002 (3.27%), 2027 (3.31%), and 1465
(2.39%) genes in wM, sM, sN, and wN, respectively,
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with a 2-fold change across the eight experimental time
points (Fig. 6). Among these genes, only 182 (0.3%)
changed similarly across the four cultivars, whereas,
163, 322, 440 and 422 were uniquely differentially
expressed in wM, wN, sM and sN, respectively.
Conserved patterns: potential genetic pathways
Conserved patterns represent groups of genes that are
co-expressed among the cultivars and across the experi-
mental time points and may be co-regulated by the
same group of TFs. Additional file 2: Table S1 shows a
Fig. 2 Core TF-genes interaction model similar to the seven wheat cultivars under low temperature stress, showing how cold stress, lipids and FA, cell wall
and chromatin and cold downregulated genes are respectively clustered together and the relationships between them. Detailed individual associations
shown in this figure are available in the Additional file 1. This network was obtained using Additional file 1 and Cytoscape (http://www.cytoscape.org/)
Fig. 3 Core TF-TF interactions model similar to the seven wheat cultivars under low temperature stress. It shows a high connectivity between the
CBFs. This network was obtained using only the TF-TF associations in the Additional file 1 and Cytoscape (http://www.cytoscape.org/)
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group of 100 genes that were identified by the OPTricluster
algorithm to be highly conserved (p-value < 1e-04) and
up-regulated across the cultivars. GO analysis of these
genes showed that they are enriched for terms such as
cold acclimation, cold-regulated protein, cold shock, ice
recrystallization and LT stress, with p-values < 1e-05.
Additional file 2: Table S2 shows another group of
genes that were also highly conserved (p-value < 1e-04)
and down-regulated in the four cultivars. GO analysis
of this group revealed relevant terms such as jacalin-
Fig. 4 Example of small world network inferred from the core TF-TF network. a High connection among five CBFs. b Expression/regulatory activity
of five CBFs in (a). c High connections among EIN3, EIN4, RR2, RR6, PRR1 and SWI/SNF. d High connections among ICE1/2, MYB15 and CBFs. This
subnetwork was obtained using only the corresponding TF-TF associations in the Additional file 1 and Cytoscape (http://www.cytoscape.org/)
Fig. 5 Dynamic regulatory map of Winter Manitou. The x-axis is the time-points in days. The y-axis is the gene expression levels. This map
contains 10 paths. Each path corresponds to the mean of the fold change of expression level of the genes that belong to it, relative to day 0. The size
of nodes corresponds to standard deviations of the fold changes. This map is obtained using the TF-gene interactions (Fig. 2, Additional file 1) and the
gene expression data of the Winter Manitou as input to the DREM algorithm, using a TF split cutoff score of 0.005
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like, dirigent, defensin, and cold-regulated with p-
values < 1e-04.
Several genes related to fatty acid (FA) metabolism
also exhibited a conserved behavior in the four cultivars.
Additional file 2: Figure S4 presents a cluster of 20 genes
related to various aspects of FA and lipid metabolism.
These genes were differentially expressed at the onset of
cold stress and behaved similarly across the time series.
Among these genes, fatty acyl CoA reductases FAR1,
FAR4 and FAR5 are involved in the synthesis of very
long chain fatty acids (VLCFAs), which play important
roles in cold stress [43]. Other important genes in cold
acclimation included Ta.13232.1.S1_at (C-4 sterol methyl
oxidase, putative) and TaAffx.107979.1.S1_at (Sterol 14-
demethylase), which belongs to the Sterol desaturase
family. Conversely, there was also a significant decrease
in the expression level of 12 genes related to various
aspects of FA and lipid metabolism (Additional file 2:
Figure S5). GO analysis of these genes showed that
they are involved in the desaturation of linoleic acid
(18:2; 18) to alpha-linolenic acid (18:3; 18), which is
another important process in plants during cold accli-
mation [44].
Divergent patterns: potential markers or targets
In terms of differences between the four cultivars, it is
interesting to see how the two spring cultivars had
higher number of differentially expressed genes as com-
pared with the two winter cultivars. Among divergent
genes, 163, 322, 440, and 422 were uniquely expressed
in wM, sM, sN, and wN respectively, with the sN hav-
ing the highest number and the wN the lowest. A list of
127 divergent genes (Additional file 2: Table S3) were
selected and ranked based on their co-expression
among the different cultivars and their membership in
the cluster corresponding to cold stress and GO enrich-
ment analysis. They represent potential cultivar-specific
cold stress markers.
Collectively, three types of divergent patterns were in-
ferred by the OPTricluster algorithm. The first type of
divergent patterns is shown in Additional file 2: Figure S6.
A group of genes has an expression pattern unique to the
wN, whereas levels increase at 56 days by more than 4 fold
compared to wM, sM and sN. This group of genes was
also confirmed by the DREM algorithm (Additional
file 2: Figure S1). GO and orthology analyses showed
that a majority of these genes had no assigned func-
tion or ortholog in other species. Only 4% of the genes
(3 out of 73) in these divergent clusters had a known
function, namely TaAffx.124056.1.S1_at (photosynthesis
light reaction/cyclic electron flow-chlororespiration), TaAff-
x.6593.1.A1_at (protein/synthesis/ribosomal protein/pro-
karyotic/chloroplast/50S subunit/L33) and Ta.10297.2.S1_at
(cell wall/pectin esterases/PME). The linear model did not
identify any TFs associated with these genes.
A second type of divergent patterns is shown in
Additional file 2: Figure S7. Two genes display a high
expression level at the onset of cold stress in wN com-
pared to wM, sM and sN: the dehydrin 5/cold-shock
protein gene TaAffx.137429.1.S1_at and the cold-
regulated gene Ta.25539.1.S1_at. Overexpression of
dehydrin in plants is known to enhance cold tolerance
[45]. Given that wN is a winter cultivar and that these
two genes are uniquely over-expressed in this cultivar, we
consider them putative markers for cold acclimation
unique in wN. The third type of divergent patterns is rep-
resented by four putative cold-acclimation marker genes
in the MADS-box family (Additional file 2: Figure S8).
Dissimilarity between the four cultivars is based on the
delay in terms of activation or repression of certain group
of genes. Genes in this group had previously been shown
to be potential makers for breeding [46, 47].
Classification of unannotated genes
Conserved patterns represent groups of genes that are
co-expressed and/or probably co-regulated by the same
Fig. 6 Percentage of genes with similar behavior in two or more cultivars. The x-axis represents the genotype combination, and the y-axis the
percentage. This graph was obtained by plotting the statistics of the conserved and divergent patterns yielded by the OPTricluster algorithm
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group of TFs. We associated unannotated genes with co-
expressed and putatively co-regulated genes, which are
known to have specific GO terms, pathways and regula-
tion by TFs. Genes with an unknown function that
appears to have a similar expression profiles to known
genes can be part of the same biological pathways [48].
Additional file 2: Figure S9 shows an example of 6 genes
(in 9 probes) that are up-regulated at the onset of cold
stress and co-regulated by the same TFs (CBFIIId-12,
CBFIIId-B19, CBFIVa-A2, CBF1 and CBF2). In this clus-
ter, Ta.2541.1.S1_s_at (COR615) is a cold-responsive
LEA/RAB-related COR protein, Ta.21768.1.S1_at is an
ice recrystallization inhibition protein 1 precursor and
Ta.7091.1.S1_at is a putative delta-1-pyrroline-5-carboxylate
synthetase. TaAffx.38397.1.A1_at may be orthologous to
the rice gene Os03g08580 which is an expressed protein,
whereas no orthologs were found for Ta.22063.1.S1_s_at
and TaAffx.97142.1.S1_at. Overexpression of [delta]-pyrro-
line-5-carboxylate synthetase increases proline production
and proline accumulation, which confers cold tolerance in
plants [49]. In this example, the three unannotated genes
that are co-expressed with the three annotated ones
(COR615, Ta.21768.1.S1_at and Ta.7091.1.S1_at) may also
be part of the same cold response pathways, and represent
potential candidates for further experimental validation.
Using this approach, 35 genes were assigned new putative
cold-related functions in wheat Table 2.
Comparative analysis with previous studies
The first goal of our study was to infer the transcriptional
regulatory events that happen in wheat during cold stress.
Several cold-regulated genes identified in this study had
previously been identified and experimentally validated
elsewhere: HMGB1, TaGRP2 and DHN14 [20], WCS120,
WCS200, WCS180, WCS66 and WCS40 [19], WCOR719,
COR14a, WCOR615, WCS19 and WCOR726 [18].
We compared our list of 2789 cold-responsive genes
identified using the linear model, the DREM algorithm
and the OPTricluster algorithm with the 2771 list of
genes reported in [3] to show genotype and time (g × t)
interaction at p-value < 0.001. These differentially expressed
genes were identified in [3] using gene-specific ANOVA
with the following model: yijkr = μi + gij + tik + (g × t)ijk + ε,
using the GeneSpring package. y is the response variable
and it represents the log2 transformed normalized probeset
intensity. μ represents the grand mean level of expression
for each gene. Variables g, t and g × t represent the genotype
effect, the effect of time (duration of cold treatment) and
the interaction between genotype and time, respectively,
and ε represents the stochastic error, which is assumed to
be normally distributed. The indices i, j, k and r indicate the
probeset (gene), genotype, time and biological replicates,
respectively.
Surprisingly, only 973 genes were similar in both lists.
Our analysis excluded the remaining 1798 genes because
their expression did not change by at least two fold dur-
ing cold treatment in any of the four wheat cultivars
from 0 to 70 days. However, the analysis of the 1816
genes present in our list but not identified in [3] showed
that these genes not only changed significantly during
cold treatment, but were also enriched for GO terms
associated with cold stress (p-value < 1e-05), FA and lipid
metabolism (p-value < 1.0e-05). Additional file 2: Table S4
shows a partial list of these genes. This list includes cold-
responsive genes that are equivalent or similar to WCOR80,
CS120, CS66, WCOR518, CS120 and WCOR615. Among
these genes, PTACR7, a gene from hard red winter wheat,
which is induced by low temperature but not by ABA or
stresses such as salt, dehydration or heat [50], exhibited a
fold-change of 4 in log2 scale across all the four cultivars.
We also validated the set of genes uniquely identified
by our approach using PLEXdb. PLEXdb Gene Oscilloscope
tool allows users to search for experiments where ex-
pressions of queried genes fluctuate (oscillate) the most.
Interestingly, the Gene Oscilloscope confirmed most of
our identified cold-related differentially expressed genes.
Additional file 2: Figure S10 shows the Gene Oscilloscope
results for Ta.123.1.S1_x_at (Cold acclimation protein
WCOR80), Ta.124.1.S1_x_at (Cold-shock protein CS120)
and Ta.145.1.A1_x_at (Cold shock protein CS66). These
results shows that these three probe sets have coefficient
of variations of 20, 16, and 17 respectively, corresponding
to row TA42 in Additional file 2: Figure S10. These results
further confirm the validity of the sets of genes that were
selected for further transcriptomics and regulatory net-
work modeling.
The dataset GSE11774 corresponds to the expression
profiles of two winter wheat cultivars (winter Soltice ,wS
and winter Harnesk ,wH) and one spring cultivar (spring
Paragon, sP), sampled from crowns and leaves collected
at 3, 5 and 9 weeks [24]. The authors reported 3113
(up = 1711, down = 1402) genes showing greater than
two fold change in at least one cultivar after cold shock.
The difference in genes identified as cold-responsive
may be attributable to the choice of cultivars and sam-
pling times and the part of plant that was analyzed.
OPTricluster analysis of this dataset showed that about
200 genes exhibited similar patterns across the three
cultivars. Comparative analysis of the combined seven
cultivars suggested that the winter cultivars clustered
together and stood out from the spring cultivars.
DREM analysis of this additional dataset, using the
TF-gene interactions information described above and in
Additional file 2, revealed that these three varieties are
controlled by the same set of CBF and non-CBF TFs at
the onset of cold stress. Additional file 2: Figure S11
shows the regulatory map of crown and leaf of the
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winter Harnesk. The highest path of this map is controlled
by: CBF1, CBF2, CBFIIId-12, CBFIIId-B19, CBFIVa-A2,
ICE1, RAP2.3 and RAP2.12, which are the same TFs that
were involved in the control of wM, wN, sM, and sN. This
result suggests that genes that are controlled by these TFs
are co-regulated and conserved across the 7 wheat cultivars.
Discussion
Results obtained in this study revealed significant regu-
latory patterns associated with the wheat response to
low temperatures. Our analysis also revealed new genes
involved in differential response to cold between wheat
cultivars.
Table 2 List of 35 new cold related genes identified using the co-expression behavior with known and well characterized genes
Probe ID Description wM sN sM wN
Ta.10319.1.A1_s_at Myb-like 4 3.8 5.2 1.7
Ta.10857.1.A1_at Cluster: Os10g0566400 protein 2.1 2.8 2 2.9
Ta.13134.1.A1_at Immediate early protein ICP0 4.6 3.9 5 4.2
Ta.13193.1.S1_at NADH-ubiquinone oxidoreductase 3.7 3.5 3.5 3.2
Ta.13239.1.S1_at Pherophorin-C1 protein precursor 4.9 4.8 4.8 5.3
Ta.13595.1.A1_at BQ169949 3 2.8 2.6 2.9
Ta.1722.1.S1_at TC434908 4 2.7 4 2.5
Ta.18391.1.S1_at CA635688 1.9 1.7 1.8 1.7
Ta.18720.1.S1_a_at Gamma-thionin (Defensin-like protein 1) 6.5 6 5.4 4.7
Ta.19327.1.S1_at Fe(III) dicitrate ABC transporter 3.6 3 3.8 2.8
Ta.22063.1.S1_s_at TC421941 3.1 3.3 3.2 3.4
Ta.22766.1.S1_a_at TC445245 6.9 7.3 8 7.3
Ta.23419.1.S1_x_at High molecular mass early light-inducible protein 2.6 3.5 2.8 2.8
Ta.24761.2.S1_at TC376085 1.8 1.2 1.7 1.1
Ta.27719.1.S1_at 5-oxoprolinase; n = 1; Sphingomonas wittichii 5.2 5.2 5.1 5
Ta.27719.2.S1_x_at TC448971 2.3 2.2 2.6 2
Ta.7053.1.S1_at TC427799 4.1 3.7 4 3.8
Ta.7091.1.S1_at TC37493 (P5CS2) 2.9 2.6 3 2.6
Ta.7934.3.S1_at HNH nuclease 4.8 3.3 4.3 3.9
Ta.9600.1.S1_x_at Low molecular mass early light-inducible protein 2.7 2.7 2.8 2.7
TaAffx.134872.1.S1_at TC434386 (Ycf1) 1.1 1.3 1 1.1
TaAffx.144000.1.S1_s_at Humulus lupulus 26S ribosomal RNA gene 5.6 2.3 5.8 1.9
TaAffx.34169.1.S1_at TC396129 (embryonic protein DC-8) 4.5 3.5 3.4 5
TaAffx.73215.1.S1_at TC407368 3.1 2.7 3.2 2.2
TaAffx.38397.1.A1_at Express protein similar to Os03g01841100 2.9 3.3 3.0 3.0
TaAffx.97142.1.S1_at weakly similar to UniRef100_Q2IMJ3 3.6 3.2 2.7 3.6
Ta.13153.1.S1_s_at Cluster: Biotin synthesis protein 0.2 2.2 0.2 1.4
Ta.13232.1.S1_at Cluster: Sterol desaturase family protein 2.4 3.4 1.4 3.4
Ta.13232.2.S1_at Cluster: Sterol desaturase family protein 2 2.1 0.7 4
Ta.13784.1.S1_at Cluster: BLT14.1 protein 5.4 5.7 4 6.4
Ta.14903.1.S1_at Cluster: Chalcone synthase 4.6 2.3 4.1 1.7
Ta.19303.1.S1_at Cluster: Expressed protein 3.1 4.3 2.8 4.9
Ta.28533.1.S1_at Cluster: PS II 10 kDa protein 1.9 2.7 1.8 4.7
TaAffx.116865.2.S1_at LTPL114 - Protease inhibitor/seed storage/LTP 4.8 5.3 3.7 6
TaAffx.124475.1.A1_at Cluster: Hblt14.2 protein 2.9 4.1 1.4 6.4
TaAffx.144000.1.S1_s_at Humulus lupulus 26S 5.6 2.3 5.8 1.9
TaAffx.34169.1.S1_at TC396129 4.5 3.5 2.8 5
Numbers in column 3–6 represent the fold change between the min and the max of the expression level across the experimental time points
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The CBF cold responsive pathway is conserved in wheat
It is well documented in the literature that the CBF path-
way is activated upon cold stress and plays a central role in
plant response to cold [1–21, 24]. In this study, we identi-
fied CBFIIId-12, CBFIIId-B19, CBFIVa-A2, CBF1 and CBF2
as positive regulators of cold-responsive genes. Conversely,
CBFIIIc-B10, CBFIIIc-D3, TaCBF6, CBFII-5.2 and TmCBF7
were identified to be negatively regulated during cold stress.
The linear model inferred that ICE1and ICE2 positively
regulate CBFIIId-12, CBFIIId-B19, CBFIVa-A2, CBF1 and
CBF2 and may play redundant roles. Interestingly, the dy-
namic regulatory map detected that these events (positive
regulation) take place right at the onset of cold stress
across all the four cultivars (Fig. 5 and Additional file 2:
Figures S1, S2 and S3). These observations suggest that
ICE1 and ICE2 are induced early by cold exposure, and
subsequently regulate the expression of CBF TFs. This is
consistent with experimental observations in Arabidopsis
[51]. The linear model revealed negative regulation of ICE1
on MYB15. In Arabidopsis, ICE1 appears to negatively
regulate the expression of MYB15, and MYB15 suppresses
CBFs [6]. The ICE1-MYB15 axis thus seems to play an im-
portant role in regulating CBF expression levels during
cold acclimation [6]. It is reasonable to infer that ICE1 may
upregulate CBFs by suppressing MYB15 (Figs. 3 and 4d).
To complete this picture, several CBF TFs in the linear
model are shown to regulate genes that are linked to cold
shock, low temperature response, ice recrystallization, cold-
regulated proteins, lipids and FA metabolism (Fig. 2 and
Additional file 1). Interestingly, GO analysis of genes in the
paths associated with these TFs (highest ones after 35 days,
for example) also revealed an association with these terms.
These cold-responsive genes are known to encode a diverse
array of proteins such as enzymes involved in cell res-
piration and in the metabolism of carbohydrates, lipids,
phenylpropanoids and antioxidants. Furthermore, they
also encode molecular chaperones, antifreeze proteins,
and other proteins with a potential function in toler-
ance to dehydration caused by cold [1].
Association among ICE, MYB and CBF TFs appeared at
the onset of cold shock (first split of all four dynamic
regulatory maps, Fig. 5 and Additional file 2: Figures S1,
S2 and S3). Through the linear model, regulatory relation-
ships were inferred both among the CBF TFs themselves
and between the CBF TFs and cold responsive genes. Like
in other plant species, the CBF cold response pathway was
found to be conserved in the wheat cultivars analyzed in
this study. The CBF regulatory network appears to play a
pivotal role in wheat during cold stress.
Several classes of TFs besides CBFs also play important
role in cold acclimation
The linear model identified several interactions between
non-CBF TFs. The association of these non-CBF TFs with
the first split of the dynamic regulatory map suggests that
other classes of TFs, besides CBFs, may also play important
roles in cold acclimation. These TFs include MYB1,
MYB4, ESK1, ELO2/FEN, HOS3, RR6, RR2, PRR1,
WRKY1, WRKY48, NF-YA6, NF-YA5, EIN4, EIN3,
A20/AN1-like, SWI/SNF, MCB2 and MYBAS1. Using
the plant REACTOME database [41] to analyze these
TFs and TGs reveal that they belong, for the most part,
to the gibberellin (GA), jasmonic (JA), ethylene (ETH),
cytokine (CK), or abscisic acid (ABA) pathways, which
are known to be activated during cold exposure and to
play a major role during cold acclimation in Arabidopsis
[6, 52, 53]. EIN3, for example, is activated upon cold stress
by ethylene and contributes to the down-regulation of
CBF expression and type-A RR genes [52].
In Arabidopsis, the eskimo1 (esk1) mutant accumulates
high levels of proline and exhibits freezing tolerance when
exposed to freezing temperature [54]. Transcriptome
comparison of CBF2-overexpressing plants and esk1 mu-
tants showed that ESK1 and CBF2 regulate different sets
of genes [54]. This was also confirmed in the present
study. The dynamic regulatory map in Fig. 5 shows the
regulation of a different set of genes by ESK1 and CBFs
after the second day (2nd highest split of the map) of cold
treatment. In addition, the linear model and the regulatory
map showed that ESK1 is associated with the regulation
of nearly 100 genes that were differentially expressed in
response to cold stress. MYB4 was also shown to be asso-
ciated with a majority of these 100 genes. In rice, MYB4
has been shown to be induced by cold and to transactivate
the expression of COR genes (RD29A, COR15a and
PAL2) [55]. In our analysis, COR genes were found to
be co-expressed with the TGs of MYB4.
We identified a group of RR and pseudo-RR TFs that
appear to be cold-sensitive and may also play a role in
wheat under cold stress. This group of TFs includes
RR6, RR2 and PRR1, and may either be activated directly
by cold or by the cytokine pathways [56, 57]. Two
WRKY TFs, WRKY1 and WRKY48, were also identified
to be involved in cold stress in this study. WRKY TFs
have previously been reported to be involved in various
physiological programs and in response to pathogens
[58]. It has also been reported that WRKY transcription
factors are involved in cold hardening of wheat [59].
Several stress-related effector genes were co-regulated
with the WRKY TFs.
It is interesting to note that several TFs that were active
at the onset of cold stress had previously been linked to
cold stress not only in wheat but also in other plant species.
However, there were also other TFs (WRKY1, WRKY48,
RAP2.12 and RAP2.3) for which we could not find any lit-
erature evidence of involvement in cold stress. For example,
RAP2.12 has recently been identified as an activator of the
alcohol dehydrogenase 1 (ADH1) gene. It has also been
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shown that RAP2.12 and its homologues RAP2.2 and
RAP2.3 act redundantly in multiple stress responses
[60]. The co-expression of RAP2.12 and RAP2.3 with
CBF1, CBF2, CBFIIId-12, CBFIII-B19 and CBFIVa-A2
suggests that RAP2.12 and RAP2.3 are regulated by
CBFs and may play a role in cold stress. Further analysis
of these TFs may shed new light into the regulation of
cold-responsive genes in wheat.
Adaptation of fatty acid and lipid metabolism to cold
stress
The lipid composition in membranes is known to play a
pivotal role in the plant response to cold stress. Alteration in
membrane lipid composition allows plants to survive in the
cold, whereas FA composition in membrane is the key factor
determining fluidity of the cell membrane. Saturated FAs
ensure more rigidness as they favor hydrophobic interac-
tions whereas unsaturated FAs increase the fluidity of the
cell membrane [61]. This information correlates well with
our analysis. For example, fatty acid desaturase 7 (FAD7,
FADD, Ta.24254.1.S1_a_at), which is involved in the desatur-
ation of linoleic acid (18:2) to alpha-linolenic acid (18:3), de-
creased significantly after cold exposure (Additional file 2:
Figure S5). Indeed, it has been observed that the saturated
to unsaturated fatty acid ratio decreases under cold stress in
cold-tolerant plant species. An alteration of unsaturated fatty
acids (UFA) levels has also been reported in cold-stressed
plants. Along with this, a high abundance of 18:3 is observed
as compared to 18:1 and 18:2 linoleic acids, thus indicating
the importance of FAs elongation and desaturation in
tolerance against cold stress [62]. In Arabidopsis, the
FAD7 gene encodes a plastid omega-3 FA desaturase that
catalyzes the desaturation of dienoic FAs in membrane
lipids [62, 63]. FAD7 may play a similar role in wheat.
It is interesting to see that FAD7, in its decreased
expression, is co-expressed with three other lipid me-
tabolism-related genes that also play important roles in
abiotic stresses: DGK5 and SQD2 (Ta.3876.1.A1_at and
Ta.24785.1.A1_at, Additional file 2: Figure S5). SDQ2, the
sulfolipid sulfoquinovosyldiacylglycerol is one of the three
nonphosphorous glycolipids that provide the bulk of the
structural lipids in photosynthetic membranes of seed
plants [64]. DGK5 is involved in the accumulation of
phosphatidic acid during cold stress [65].
High correlations among FA-regulated genes (Additional
file 2: Figures S4 and S5) suggest the possibility that these
genes are co-regulated by the same group of TFs. Indeed,
the linear model inferred that FA genes are regulated by a
cascade of interactions between HOS3, ELO2, ESK1,
MYB4 and ICE2. ELO2 has been shown to be involved in
the synthesis of VLCFAs, which are essential precursors for
sphingolipids and ceramides that play key roles during cold
stress and in the control of stomatal behavior [66]. Further-
more, HOS3 has been shown to inhibit ABA-mediated
stress responses and be involved in the VLCFA path-
way and products as control points for several as-
pects of abiotic stress signaling and responses [66].
Interestingly, among the targets of ELO2 and HOS3,
we have found several FA genes, including FAR1,
FAR4 and FAR5, which are involved in the synthesis
of VLCFA [43].
Differences in spring and winter wheat
Based on the results obtained by the OPTricluster algo-
rithm, we hypothesized that differences among same genes
in terms of fold change across cultivars, and most import-
antly, delay in terms of activation or repression of the same
genes across cultivars may hold or play key roles in the
phenotypic differences among winter and spring wheat var-
ieties, and their adaptation to LT stress, cold shock and cold
acclimation.
Indeed, it has long been argued that wheat varieties can
be divided on the basis of whether they require an extended
period of cold to flower (vernalization). Varieties that have
a requirement for vernalization also tend to be winter hardy
and are able to withstand quite extreme subzero tempera-
tures [3, 4]. Divergent patterns describing the expression
profile of four MADX-box genes (Additional file 2:
Figure S8) for example, show co-expression similarities
among winter varieties and among spring varieties. The
expression levels of three MADS-box TFs, MADS2
(TaAffx.120063.1.S1_at), TaAGL29 (Ta.3583.1.A1_at),
and MADS-box transcription factor (Ta.7594.1.A1_
s_at), significantly increased from the beginning and
throughout the experiment in the two spring cultivars
(sN and sM) and their activation appeared to be de-
layed in the two winter cultivars (wM and wN). One
MADX-box gene (TaAffx.143995.17.S1_s_at, VRN-A1)
appears to have an opposite expression pattern, in-
creased earlier in the winter cultivars (wM and wN) but
later in the spring cultivars. This suggests that
TaAffx.143995.17.S1_s_at perhaps plays an important
regulatory role in activating the wheat metabolic ma-
chinery against cold stress. It has indeed been previ-
ously hypothesized that some Cor/Lea genes may be
co-regulated by the vernalization (VRN) genes during
cold acclimation and these VRN genes may also control
the expression of CBFs [46]. They may also represent
target genes useful in breeding programs. TaVRT-1
(TA.142.1.S1_AT), VRN-A1 (TaAffx.143995.17.S1_s_at)
and VRN-B1 (Ta.30607.1.A1_at), also identified in this
study, have been previously shown to be functional
markers linked with agronomic traits in wheat [3, 24, 47].
The fact that spring varieties had more differentially
expressed genes compared to the winter ones may also
find their answers in the delay reaction of certain TFs/
genes across wheat varieties.
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Conclusions
In this study, we combined three computational techniques
to reconstruct dynamic regulatory events in wheat follow-
ing cold stress, and to study similarities and differences
among seven wheat cultivars, not only based on their ex-
pression profiles, but also on the timing of activation. Our
three-way analysis showed that the CBFs pathways is con-
served and played a pivotal role in wheat under cold stress.
CBF TFs accumulated at onset of cold stress and regulated
the expression of cold responsive genes in a transient way.
Beside CBF TFs, other TFs were also involved in the regula-
tion of cold responsive genes in CBF-independent path-
ways. We identified several patterns that were conserved
across wheat cultivars. New knowledge was inferred from
these conserved patterns. We assigned novel cold-related
roles to 35 wheat genes, uncovered novel TF-gene interac-
tions, and identified 127 genes representing known and
novel candidate targets for genomic assisted breeding of
cold-resistant wheat. This study provides novel computa-
tional insights into the underlying mechanisms that regu-
late the expression of cold-responsive genes in wheat, the
timing of these regulatory events and the complexity of the
mechanisms that determine LT adaptation in spring and
winter wheat.
Additional files
Additional file 1: Selected and significant transcription factor gene
interactions data inferred by the linear model and used as input to the
DREM algorithm. The first column corresponds to the source
(transcription factor). The second column corresponds to the target (gene
or transcription factor). The third column corresponds to the type of
interactions, positive (+1) or negative (-1) interactions. (TXT 26 kb)
Additional file 2: This file contains additional Figures S1, S2, S3, S4,
S5, S6, S7, S8, S9, S10 and S1, and Tables S1, S2, S3 and S4
mentioned in the manuscript (PDF file). (PDF 1879 kb)
Abbreviations
3D: Three dimensions; CBF: C-repeat Binding Factors; ChIP-chip: Chromatin
immunoprecipitation; DREM: Dynamic Regulatory Event Miner; GEO: Gene
Expression Omnibus; GO: Gene Ontology; GOAL: Gene Ontology AnaLyzer;
IOHMMs: Input-output hidden Markov models; LT: Low temperature;
OPTricluster: Order Preserving Triclustering Algorithm; PlantTFDB: Plant
Transcription Factor Database; PLEXdb: Gene expression ressources for plants
and plants pathogens; POB: Plant Orthology Browser; sM: Spring Manitou;
sN: Spring Norstar; sP: Spring Paragon; TF: Transcription factors; TFA: Transcription
factor activity; wH: Winter Harnesk; wM: Winter Manitou; wN: Winter Norstar;
wS: Winter Solstice
Acknowledgements
The authors thank the anonymous reviewers for their valuable comments
and suggestions.
Funding
This work is supported by the Canadian Wheat Alliance (CWA) and the
National Research Council of Canada (NRC). The funding bodies did not play
any role in the design or conclusion of this study, which were conceived by
the authors.
Availability of data and materials
The data sets and methods supporting the results of this article are included
within the article and its additional files. The gene expression data can be
downloaded from the NIH GEO database (https://www.ncbi.nlm.nih.gov/geo/):
accession numbers GSE23889 and GSE11774.
Authors’ contributions
ABT and YP designed the study. ABT performed the analyses with support
from DT and FF on the comparative and transcriptomics analysis, respectively.
ABT led the manuscript writing. All authors contributed to writing, revision, read
and approved the final version of the manuscript.
Competing interests
The authors declare that they have no competing interests.
Consent for publication
Not applicable.
Ethics approval and consent to participate
Not applicable.
Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in
published maps and institutional affiliations.
Author details
1Information and Communications Technologies, National Research Council
Canada, Ottawa, ON K1A 0R6, Canada. 2Information and Communications
Technologies, National Research Council Canada, Moncton, NB E1A 7R1,
Canada.
Received: 3 September 2016 Accepted: 10 March 2017
References
1. Thomashow M. Plant cold acclimation: freezing tolerance genes and regulatory
mechanisms. Annu Rev Plant Physiol Plant Mol Biol. 1999;50:571–99.
2. Levitt J. Responses of plants to environmental stresses. Science. 1972;
177(4051):786.
3. Laudencia-Chingcuanco D, Ganeshan S, You F, Fowler B, Chibbar R,
Anderson O. Genome-wide gene expression analysis supports a
developmental model of low temperature tolerance gene regulation in
wheat (Triticum aestivum L.). BMC Genomics. 2011;12:299.
4. Fowler D, Gusta L. Selection for winter hardiness in wheat: identification of
genotypic variability. Crop Sci. 1979;19:769.
5. Ouellet F. Regulation of a wheat actin-depolymerizing factor during cold
acclimation. Plant Physiol. 2001;125:360–8.
6. Chinnusamy V, Zhu J, Zhu J. Cold stress regulation of gene expression in
plants. Trends Plant Sci. 2007;12:444–51.
7. Monroy A, Dryanova A, Malette B, Oren D, Ridha Farajalla M, Liu W, Danyluk
J, Ubayasena L, Kane K, Scoles G, Sarhan F, Gulick P. Regulatory gene
candidates and gene expression analysis of cold acclimation in winter and
spring wheat. Plant Mol Biol. 2007;64:409–23.
8. Shinozaki K. Molecular responses to dehydration and low temperature:
differences and cross-talk between two stress signalling pathways. Curr
Opin Plant Biol. 2000;3:217–23.
9. Kosmala A, Bocian A, Rapacz M, Jurczyk B, Zwierzykowski Z. Identification of leaf
proteins differentially accumulated during cold acclimation between Festuca
pratensis plants with distinct levels of frost tolerance. J Exp Bot. 2009;60:3595–609.
10. Gilmour S. Overexpression of the Arabidopsis CBF3 transcriptional activator
mimics multiple biochemical changes associated with cold acclimation.
Plant Physiol. 2000;124:1854–65.
11. Novillo F, Alonso JM, Ecker JR, Salinas J. CBF2/DREB1C is a negative regulator of
CBF1/DREB1B and CBF3/DREB1A expression and plays a central role in stress
tolerance in Arabidopsis. Proc Natl Acad Sci U S A. 2004;101:3985–90.
12. Seki M, Narusaka M, Ishida J, Nanjo T, Fujita M, Oono Y, Kamiya A, Nakajima
M, Enju A, Sakurai T, Satou M, Akiyama K, Taji T, Yamaguchi-Shinozaki K,
Carninci P, Kawai J, Hayashizaki Y, Shinozaki K. Monitoring the expression
profiles of 7000 Arabidopsis genes under drought, cold and high-salinity
stresses using a full-length cDNA microarray. Plant J. 2002;31:279–92.
Tchagang et al. BMC Bioinformatics  (2017) 18:174 Page 14 of 16
13. Provart N. Gene expression phenotypes of Arabidopsis associated with
sensitivity to low temperatures. Plant Physiol. 2003;132:893–906.
14. Vogel J, Zarka D, Van Buskirk H, Fowler S, Thomashow M. Roles of the CBF2
and ZAT12 transcription factors in configuring the low temperature
transcriptome of Arabidopsis. Plant J. 2004;41:195–211.
15. Zhang C, Fei S, Warnke S, Li L, Hannapel D. Identification of genes associated
with cold acclimation in perennial ryegrass. J Plant Physiol. 2009;166:1436–45.
16. Svensson J. Transcriptome analysis of cold acclimation in barley Albina and
Xantha mutants. Plant Physiol. 2006;141:257–70.
17. Skinner D. Genes upregulated in winter wheat (Triticum aestivum L.) during
mild freezing and subsequent thawing suggest sequential activation of
multiple response mechanisms. PLoS One. 2015;10:e0133166.
18. Vítámvás P, Saalbach G, Prášil I, Čapková V, Opatrná J, Ahmed J. WCS120
protein family and proteins soluble upon boiling in cold-acclimated winter
wheat. J Plant Physiol. 2007;164:1197–207.
19. Houde M, Daniel C, Lachapelle M, Allard F, Laliberte S, Sarhan F.
Immunolocalization of freezing-tolerance-associated proteins in the
cytoplasm and nucleoplasm of wheat crown tissues. Plant J. 1995;8:583–93.
20. CHRISTOV N, IMAI R, BLUME Y. Differential expression of two winter wheat
alpha-tubulin genes during cold acclimation. Cell Biol Int. 2008;32:574–8.
21. Tsuda K, Tsvetanov S, Takumi S, Mori N, Atanassov A, Nakamura C. New
members of a cold-responsive group-3 Lea/Rab-related Cor gene family from
common wheat (Triticum aestivum L.). Genes Genet Syst. 2000;75:179–88.
22. Jain S, Brar D. Molecular techniques in crop improvement. Dordrecht:
Springer Netherlands; 2009.
23. Kole C, Muthamilarasan M, Henry R, Edwards D, Sharma R, Abberton M, Batley J,
Bentley A, Blakeney M, Bryant J, Cai H, Cakir M, Cseke L, Cockram J, de Oliveira A,
De Pace C, Dempewolf H, Ellison S, Gepts P, Greenland A, Hall A, Hori K, Hughes
S, Humphreys M, Iorizzo M, Ismail A, Marshall A, Mayes S, Nguyen H, Ogbonnaya
F et al.. Application of genomics-assisted breeding for generation of climate
resilient crops: progress and prospects. Front Plant Sci. 2015;6. https://www.ncbi.
nlm.nih.gov/pmc/articles/PMC4531421/.
24. Winfield M, Lu C, Wilson I, Coghill J, Edwards K. Cold- and light-induced
changes in the transcriptome of wheat leading to phase transition from
vegetative to reproductive growth. BMC Plant Biol. 2009;9:55.
25. Liao J, Boscolo R, Yang Y, Tran L, Sabatti C, Roychowdhury V. Network
component analysis: Reconstruction of regulatory signals in biological
systems. Proc Natl Acad Sci. 2003;100:15522–7.
26. Schulz MH, Devanny WE, Gitter A, Zhong S, Ernst J, Bar-Joseph Z. DREM 2.0:
improved reconstruction of dynamic regulatory networks from time-series
expression data. BMC Syst Biol. 2012;6:104.
27. Tchagang A, Phan S, Famili F, Shearer H, Fobert P, Huang Y, Zou J, Huang
D, Cutler A, Liu Z, Pan Y. Mining biological information from 3D short time-
series gene expression data: the OPTricluster algorithm. BMC Bioinformatics.
2012;13:54.
28. Jin J, Zhang H, Kong L, Gao G, Luo J. PlantTFDB 3.0: a portal for the
functional and evolutionary study of plant transcription factors. Nucleic
Acids Res. 2013;42:D1182–7.
29. Thimm O, Bläsing O, Gibon Y, Nagel A, Meyer S, Krüger P, Selbig J, Müller L,
Rhee S, Stitt M. mapman: a user-driven tool to display genomics data sets
onto diagrams of metabolic pathways and other biological processes. Plant
J. 2004;37:914–39.
30. Bolser D, Kerhornou A, Walts B, Kersey P. Triticeae resources in Ensembl
plants. Plant Cell Physiol. 2014;56:e3.
31. Gene Ontology Consortium: going forward. Nucleic Acids Res. 2014;43:
D1049–D1056. https://www.ncbi.nlm.nih.gov/pubmed/25428369.
32. Dash S, Van Hemert J, Hong L, Wise R, Dickerson J. PLEXdb: gene
expression resources for plants and plant pathogens. Nucleic Acids Res.
2011;40:D1194–201.
33. Tchagang AB, Phan S, Famili F, Pan Y, Cutler AJ, Zou J. A generic model of
transcriptional regulatory networks: Application to plants under abiotic
stress. Houston: IEEE International Workshop on Genomic Signal Processing
and Statistics (GENSIPS); 2013. November 17–19.
34. Pournara IWernisch L. Factor analysis for gene regulatory networks and
transcription factor activity profiles. BMC Bioinformatics. 2007;8:61.
35. Flach E, Schnell S. Use and abuse of the quasi-steady-state approximation.
IEE Proc Syst Biol. 2006;153:187.
36. Zou Hastie T. Regularization and variable selection via the elastic net. J R
Stat Soc Ser B Stat Methodol. 2005;67:301–20.
37. Yu T, Li KC. Inference of transcriptional regulatory network by two-stage
constrained space factor analysis. Bioinformatics. 2005;21(21):4033–8.
38. Hoerl AKennard R. Ridge regression. Biased estimation for nonorthogonal
problems. Technometrics. 1970;12:55.
39. Tulpan D, Leger S, Tchagang A, Pan Y. Enrichment of Triticum aestivum
gene annotations using ortholog cliques and gene ontologies in other
plants. BMC Genomics. 2015;16. http://bmcgenomics.biomedcentral.com/
articles/10.1186/s12864-015-1496-2.
40. Tchagang A, Gawronski A, Bérubé H, Phan S, Famili F, Pan Y. GOAL: a
software tool for assessing biological significance of genes groups. BMC
Bioinformatics. 2010;11:229.
41. Tello-Ruiz M, Stein J, Wei S, Preece J, Olson A, Naithani S, Amarasinghe V,
Dharmawardhana P, Jiao Y, Mulvaney J, Kumari S, Chougule K, Elser J, Wang
B, Thomason J, Bolser D, Kerhornou A, Walts B, Fonseca N, Huerta L, Keays
M, Tang Y, Parkinson H, Fabregat A, McKay S, Weiser J, D’ Eustachio P, Stein
L, Petryszak R, Kersey P, et al. Gramene 2016: comparative plant genomics
and pathway resources. Nucleic Acids Res. 2015;44:D1133–40.
42. Barabási AL, Réka A. Emergence of scaling in random networks. Science.
1999;286:509–12.
43. Domergue F, Vishwanath S, Joubes J, Ono J, Lee J, Bourdon M, Alhattab R,
Lowe C, Pascal S, Lessire R, Rowland O. Three Arabidopsis fatty acyl-coenzyme
a reductases, FAR1, FAR4, and FAR5, generate primary fatty alcohols associated
with suberin deposition. Plant Physiol. 2010;153:1539–54.
44. Makarenko S, Dudareva L, Katyshev A, Konenkina T, Nazarova A,
Rudikovskaya E, Sokolova N, Chernikova V, Konstantinov Y. The effect of low
temperatures on fatty acid composition of crops with different cold
resistance. Biochem Moscow Suppl Ser A. 2011;5:64–9.
45. Danyluk J. Accumulation of an acidic dehydrin in the vicinity of the plasma
membrane during cold acclimation of wheat. Plant Cell Online. 1998;10:
623–38.
46. Sutton F, Chen D, Ge X, Kenefick D. Cbf genes of the Fr-A2 allele are
differentially regulated between long-term cold acclimated crown tissue of
freeze-resistant and – susceptible, winter wheat mutant lines. BMC Plant
Biol. 2009;9:34.
47. Jin F, Wei L. The expression patterns of three VRN genes in common wheat
(Triticum aestivum L.) in response to vernalization. Cereal Res Commun.
2016;44:1–12.
48. Roeb W, Boyer A, Cavenee W, Arden K. Guilt by association. PAX3-FOXO1
regulates gene expression through selective destabilization of the EGR1
transcription factor. Cell Cycle. 2008;7:837–41.
49. Hmida-Sayari A, Gargouri-Bouzid R, Bidani A, Jaoua L, Savouré A, Jaoua S.
Overexpression of Δ1-pyrroline-5-carboxylate synthetase increases proline
production and confers salt tolerance in transgenic potato plants. Plant Sci.
2005;169:746–52.
50. Gana JA, Sutton F, Kenefick DG. cDNA structure and expression patterns of
low-temperature-specific wheat gene tacr7. Plant Mol Biol. 1997;34(4):643–50.
51. Xu W, Jiao Y, Li R, Zhang N, Xiao D, Ding X, Wang Z. Chinese wild-growing vitis
amurensis ICE1 and ICE2 Encode MYC-Type bHLH transcription activators that
regulate cold tolerance in Arabidopsis. PLoS ONE. 2014;9:e102303.
52. Shi Y, Tian S, Hou L, Huang X, Zhang X, Guo H, Yang S. Ethylene signaling
negatively regulates freezing tolerance by repressing expression of CBF and
Type-A ARR Genes in Arabidopsis. Plant Cell. 2012;24:2578–95.
53. Hu Y, Jiang L, Wang F, Yu D. Jasmonate regulates the inducer of cbf
expression-C-repeat binding factor/DRE binding factor1 cascade and
freezing tolerance in Arabidopsis. Plant Cell. 2013;25:2907–24.
54. Xin Z, Mandaokar A, Chen J, Last R, Browse J. Arabidopsis ESK1 encodes a
novel regulator of freezing tolerance. Plant J. 2007;49:786–99.
55. Vannini C, Locatelli F, Bracale M, Magnani E, Marsoni M, Osnato M, Mattana
M, Baldoni E, Coraggio I. Overexpression of the rice Osmyb4 gene increases
chilling and freezing tolerance of Arabidopsis thaliana plants. Plant J. 2004;
37:115–27.
56. Nakamichi N, Kusano M, Fukushima A, Kita M, Ito S, Yamashino T, Saito K,
Sakakibara H, Mizuno T. Transcript profiling of an Arabidopsis PSEUDO
RESPONSE REGULATOR arrhythmic triple mutant reveals a role for the
circadian clock in cold stress response. Plant Cell Physiol. 2009;50:447–62.
57. Nakamichi N, Takao S, Kudo T, Kiba T, Wang Y, Kinoshita T, Sakakibara H.
Improvement of Arabidopsis biomass and cold, drought and salinity stress
tolerance by modified circadian clock-associated PSEUDO-RESPONSE
REGULATORs. Plant Cell Physiol. 2016;57:1085–97.
58. Pandey Somssich I. The role of WRKY transcription factors in plant
immunity. Plant Physiol. 2009;150:1648–55.
59. Talanova V, Titov A, Topchieva L, Malysheva I, Venzhik Y, Frolova S.
Expression of WRKY transcription factor and stress protein genes in wheat
Tchagang et al. BMC Bioinformatics  (2017) 18:174 Page 15 of 16
plants during cold hardening and ABA treatment. Russ J Plant Physiol. 2009;
56:702–8.
60. Papdi C, Pérez-Salamó I, Joseph M, Giuntoli B, Bögre L, Koncz C, Szabados L.
The low oxygen, oxidative and osmotic stress responses synergistically act
through the ethylene response factor VII genes RAP2.12, RAP2.2 and RAP2.3.
Plant J. 2015;82:772–84.
61. Campos P, Quartin V, Ramalho J, Nunes M. Electrolyte leakage and lipid
degradation account for cold sensitivity in leaves of Coffea sp. plants. J
Plant Physiol. 2003;160:283–92.
62. Pandey G. Elucidation of abiotic stress signaling in plants. New York:
Springer; 2015.
63. Nishiuchi T. Wounding changes the spatial expression pattern of the
Arabidopsis plastid [omega]-3 fatty acid desaturase gene (FAD7) through
different signal transduction pathways. Plant Cell Online. 1997;9:1701–12.
64. Yu B, Xu C, Benning C. Arabidopsis disrupted in SQD2 encoding sulfolipid
synthase is impaired in phosphate-limited growth. Proc Natl Acad Sci. 2002;
99:5732–7.
65. Arisz S, van Wijk R, Roels W, Zhu J, Haring M, Munnik T. Rapid phosphatidic
acid accumulation in response to low temperature stress in Arabidopsis is
generated through diacylglycerol kinase. Front Plant Sci. 2013;4. http://
journal.frontiersin.org/article/10.3389/fpls.2013.00001/full.
66. Quist T, Sokolchik I, Shi H, Joly R, Bressan R, Maggio A, Narsimhan M, Li X.
HOS3, an ELO-like gene, inhibits effects of ABA and implicates a S-1-P/
ceramide control system for abiotic stress responses in Arabidopsis thaliana.
Mol Plant. 2009;2:138–51.
•  We accept pre-submission inquiries 
•  Our selector tool helps you to find the most relevant journal
•  We provide round the clock customer support 
•  Convenient online submission
•  Thorough peer review
•  Inclusion in PubMed and all major indexing services 
•  Maximum visibility for your research
Submit your manuscript at
www.biomedcentral.com/submit
Submit your next manuscript to BioMed Central 
and we will help you at every step:
Tchagang et al. BMC Bioinformatics  (2017) 18:174 Page 16 of 16
